Background: Idiopathic pulmonary fibrosis (IPF) is a progressive lung disease for which diagnosis and management remain challenging. Defining the circulating proteome in IPF may identify targets for biomarker development. We sought to quantify the circulating proteome in IPF, determine differential protein expression between subjects with IPF and controls, and examine relationships between protein expression and markers of disease severity.
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Conclusions: Patients with IPF have a distinct circulating proteome and can be distinguished using a nine-protein profile. Several proteins strongly associate with disease severity. The proteins identified may represent biomarker candidates and implicate pathways for further investigation.
Trial registration: ClinicalTrials.gov (NCT01915511).
Keywords: Interstitial lung diseases, Observational study, Proteome, Registries Background Idiopathic pulmonary fibrosis (IPF) is a progressive fibrotic interstitial lung disease of unknown cause [1] . Establishing a confident diagnosis of IPF remains a clinical challenge and relies on a multifaceted, multidisciplinary approach [1, 2] . Two anti-fibrotic drugs, nintedanib and pirfenidone, have been approved for the treatment of IPF and shown to slow the rate of lung function decline [3, 4] . However, the rate of disease progression in patients with IPF is variable, and there are no reliable predictors of disease progression or indicators of therapeutic response. The discovery and development of IPF-specific biomarkers for use as diagnostic adjuncts or measures of disease activity or treatment response remains a critical unmet need [5] .
Most of the currently available clinical biomarkers are proteins. Proteomic profiling represents a highly translatable initiation point for biomarker discovery [6, 7] . Proteomics, the broad-scale, simultaneous quantification of a large number of proteins using high throughput technology, enables an understanding of the relationship between numerous potential protein biomarkers and disease-specific parameters. The results of such studies can be validated using targeted approaches such as enzyme-linked immunosorbent assays (ELISAs) where such assays exist. Given their relative methodological ease, protein-based assays are often more readily implemented in the clinical laboratory than other molecular assays.
Prior proteomics work has suggested that patients with IPF have a unique peripheral blood proteome [8, 9] . A study using aptamer-based methods showed that, compared with healthy controls, the blood of patients with IPF was enriched in proteins related to platelet activation and coagulation responses, complement activation, and cardiac muscle hypertrophy, while proteins related to host defence were under-represented [8] . This study identified a set of proteins that, when considered together, discriminated between patients with IPF and healthy controls. However, this work was limited by the small size of the cohort, thus the generalisability of the observations is uncertain.
In the current study, we leveraged a multicentre cohort of well-characterised patients with IPF to quantify the peripheral blood proteome, determine differential protein expression in patients with IPF versus controls of similar age, sex and smoking history distribution, and identify combinations of proteins that best distinguished patients with IPF from controls. We also examined whether circulating proteins associated with measures of IPF severity.
Methods

Cohorts
The IPF cohort consisted of 300 patients enrolled in the Idiopathic Pulmonary Fibrosis Prospective Outcomes (IPF-PRO) Registry (NCT01915511) [10] between June 2014 and February 2017. The IPF-PRO Registry is a multicentre observational US registry of patients with IPF that was diagnosed or confirmed at the enrolling centre in the past 6 months. IPF was determined by the site investigator according to the 2011 American Thoracic Society/European Respiratory Society/Japanese Respiratory Society/Latin American Thoracic Society diagnostic guidelines [11] .
Controls were drawn from the Measurement to Understand the Reclassification of Disease of Cabarrus/ Kannapolis (MURDOCK) Study, a longitudinal cohort study of adults in North Carolina [12] . Participants considered for inclusion as controls in our study were white and non-Hispanic, aged 60 to 80 years, with an enrolment blood (plasma) sample. Participants were excluded if they had self-reported respiratory disease, cancer, or autoimmune disease at enrolment or during follow-up, were active smokers, had second-hand tobacco exposure, or reported use of respiratory-targeted medication or immunomodulators. Stratified random sampling (stratification on sex and smoking status [ever/never]) was used to select 100 controls.
Assays
Enrolment plasma samples were assayed using an aptamer-based platform encompassing 1305 proteins (SOMAscan, SOMALogic Inc., Boulder, CO). Data were reported in relative fluorescent units (RFU) . No values were reported as below the limit of detection/ quantification.
Statistical analyses
Descriptive statistics were used to analyse patient characteristics and the expression of each protein in participants with IPF and controls. Linear regression was used to assess whether protein concentrations differed by IPF or control status when considered in a univariable fashion. Specifically, log 2 transformed protein measurements were modelled as a function of group status (IPF versus control) such that the slope coefficient for group status estimated the fold-change (FC) in protein concentration between participants with IPF and controls. The group comparison was characterised by this estimate, its 95% confidence interval and corresponding p Value. p Values were corrected for multiple comparisons using the Benjamini-Hochberg procedure to control the false discovery rate (FDR) at 5%. Differences in protein concentrations between patients with IPF and controls were considered significant if the corrected p Value was < 0.05.
We then employed multivariable classification approaches to understand if a set of proteins could distinguish participants with IPF from controls. Considering all 1305 analytes, highly correlated proteins were identified using pairwise correlation analyses (Pearson correlation coefficient > 0.9) and proteins were removed such that those omitted were those correlated with the most other proteins, resulting in the fewest possible analytes removed (n = 143) [13] . The remaining data were Box-Cox transformed, centred and scaled. Prior to model fitting, the data on all 400 participants were randomly divided into training (75%) and test (25%) sets. Two linear and 6 nonlinear models were fit. Linear models were penalised logistic regression (GLMN) and partial least squares (PLS) [13] . Nonlinear models were flexible discriminant analysis (FDA), support vector machines (SVM), K-nearest neighbours (KNN), recursive partitioning -single tree (RPART), random forest (RF), and gradient boosted machine (GBM) [13] . While fitting each model using the training set, 10fold cross validation was used to choose the optimal tuning parameter based on the area under the receiver operating curve. Operating characteristics including accuracy, kappa, specificity, and sensitivity, as well as positive and negative predictive values were computed in the training set. To evaluate model results, confusion matrices were calculated using a probability cut-off of 0.5 to convert model-predicted probabilities to IPF or control classifications. The model performance characteristics were then computed on the test set. Variable importance measures for each model were assessed and the most important proteins across the models were summarised. We also explored the discrimination of subjects with IPF from controls using a relatively simple linear discrimination function. This function was then refit to the entire 400participant cohort.
In the IPF cohort, we used univariate linear regression models to determine if circulating proteins were associated with measures of disease severity. Three measures of disease severity were considered: forced vital capacity (FVC) % predicted, diffusion capacity of the lung for carbon monoxide (DLco) % predicted, and the composite physiologic index (CPI), which correlates with the amount of radiographic fibrosis [14] . Each measure was analysed as a continuous variable. As the use of antifibrotic treatment may be related to disease severity, the analyses were repeated adjusting for treatment at enrolment (nintedanib, pirfenidone, neither). Comparisons were considered significant if the FDR-corrected p Value was < 0.05 and there was a ≥ 5 point difference in the disease severity measure per unit change in the log 2 RFU for the protein (i.e. the protein had a statistically significant association and a doubling of the protein concentration was associated with a ≥ 5-point difference in the disease severity measure). All statistical analyses were completed in SAS version 9.4 or R version 3.4.2 ('Short Summer').
Pathways analyses were performed on proteins found to be significant in the analyses described above using EnrichR [15] based on the Reactome 2016 pathway database [16] .
Results
Cohort characteristics
In the IPF cohort (n = 300), the median (Q1, Q3) age at enrolment was 70.0 (65.0, 75.0) years, 74% were men, 94% were white and 67% were former smokers ( Table 1 ). The majority of participants (73%) were classified by the investigator as having definite IPF; 54% were recorded in their medical record as taking nintedanib or pirfenidone at the time of enrolment, when the blood sample was drawn. Median (Q1, Q3) FVC % predicted was 69.7 (61.0, 80.2), DLco % predicted was 40.6 (31.7, 49.4) and CPI was 53.5 (46.6, 60.5). In the control cohort (n = 100), the median (Q1, Q3) age at enrolment was 66.0 (63.0, 71.5) years, 74% were men, all were white, and 68% were former smokers.
Circulating proteome in patients with IPF versus controls
The concentrations of the 1305 measured proteins are described in Additional file 1: Table S1 . Linear regression analyses identified 551 proteins with a level that was significantly different (corrected p Value < 0.05) between patients with IPF and controls. Forty-seven of these proteins had a |log 2 FC| > 0.585 (i.e. a 1.5-fold difference in protein concentration between groups), of which 37 occurred at higher levels in patients with IPF than controls ( Table 2 , Additional file 1: Fig. S1 ). A total of nine proteins had a |log 2 FC| > 1 ( Table 2 , Additional file 1: Fig. S1 ).
Among the top proteins with higher circulating levels in the IPF cohort than in controls were several immune-related proteins including chemokine (CC motif) ligand (CCL) 5, 17, 18, 22; chemokine (C-X-C motif) ligand 13 (CXCL13); and complement components C1R, C4A and C4B; as well as extracellular matrix components (including fibronectins), matrix remodelling proteins (including matrix metalloproteinases [MMPs] 1 and 9 and tissue inhibitor of metalloproteinase [TIMP] 3), and proteins important in cell proliferation, adhesion, or motility (such as plateletderived growth factor [PDGF] subunits A and B, intracellular adhesion molecule 5 [ICAM5)] and secreted protein, acidic and rich in cysteine [SPARC]). Among the top proteins that were observed at lower levels in patients with IPF relative to controls were the matrix remodelling protein stromelysin-1 (MMP3), creatine kinase enzymes B and M, and the advanced glycosylation end products receptor (AGER).
Multiprotein classification approaches to distinguish patients with IPF from controls
We sought to identify a set of proteins that optimally differentiated patients with IPF from controls by fitting models on a training set and a test set. Select performance measures by model in the training set are illustrated in Fig. 1 . Six of the eight multivariable classification models evaluated (both linear models [GLMN, PLS] and four non-linear models [FDA, SVM, RF, GBM]) had a good overall ability to distinguish between participants with IPF from controls. Several models made no or minimal classification errors for all iterations of the cross-validation procedure, as indicated by models with an area under the curve (AUC) of 1 with no or minimal variation ( Fig. 1A) . When the models were applied to the test set, we observed similar results ( Fig. 1B) . Computed operating characteristics for all models in the test set are shown in Additional file 1: Table S2 .
To understand the proteins of importance in distinguishing patients with IPF from controls, we determined the variable importance measures of proteins selected by each multivariable model. Thirteen proteins were designated as among the 10 most influential proteins in at least two of the eight models (Additional file 1: Table S3 ). A heat map of the expression of these proteins in participants with IPF versus controls is shown in Fig. 2 .
As the performance of the linear models was equivalent to that of the more complex non-linear models, we explored the discrimination of IPF using a linear discriminant function with recursive feature elimination. This indicated that the optimal number of proteins to differentiate participants with IPF from controls was nine ( Table 3 ). The linear discriminant analysis considering these nine proteins had an AUC of 0.99. Linear discriminant scores for every participant were calculated by multiplying the protein values for each selected protein by the respective model coefficient (Table 3 ) and plotted by IPF versus control status. As illustrated in Additional file 1: Fig. S2 , the linear discriminant analysis based on these nine proteins distinguished patients with IPF from control subjects with very little overlap. 
Association between circulating proteome and measures of disease severity in patients with IPF
Using significance criteria of a corrected p Value < 0.05 and a ≥ 5-unit difference in disease severity measure per doubling in protein concentration, we identified 14 proteins that were associated with FVC % predicted, 23 with DLco % predicted, and 14 with CPI ( Fig. 3) . These associations were largely unchanged after adjustment for treatment (nintedanib, pirfenidone, neither) at enrolment (Additional file 1: Tables S4-S6 ). Four proteins, roundabout homolog-2 (ROBO2), spondin-1 (SPON1), polymeric immunoglobulin receptor (PIGR) and ICAM 5, satisfied both analytic criteria for all three disease severity measures. Each of these proteins were observed at higher levels in patients with more severe disease.
Pathways analysis of proteins associated with presence or severity of IPF
To elucidate potential pathways related to the presence or severity of IPF, we performed a pathways analysis on proteins demonstrated to be significant in the previous analyses. In analyses of the 47 proteins that occurred at different levels in patients with IPF versus controls with an absolute > 1.5-fold change and a corrected p Value < 0.05, we observed a significant enrichment of proteins in pathways related to platelet activation, innate immunity, extracellular matrix organisation, and vascular growth factor signalling (Fig. 4A) . The same pathways, plus mechanistically-related pathways and processes, were identified in analyses of the 36 proteins that were significantly correlated with measures of disease severity ( Fig. 4B) . Additionally, activation and regulation of the complement cascade appeared to be prominent pathways of importance in disease severity.
Discussion
In this comprehensive study using a targeted platform of over 1300 proteins, we identified a distinct circulating proteome associated with IPF. When considered together, nine proteins accurately distinguished patients with IPF from controls who had a similar distribution of age, sex, and smoking status. Further, several proteins were associated with clinical measures of disease severity. When proteins associated with the presence or severity of IPF were considered in pathways analyses, they tended to be found in pathways involved in platelet and haemostatic responses, including vascular growth factor signalling, immune activation (including innate immunity and the complement cascade), and extracellular matrix organisation. The majority of proteomic studies in IPF have focussed on the characterisation of protein expression in lung tissue or bronchoalveolar lavage fluid (BALF) [17] [18] [19] [20] [21] , with only a few studies having quantified the circulating proteome [8, 9] . An additional novel aspect of our analysis was the identification of proteins associated with clinical measures of disease severity, as well as proteins associated with the presence of IPF. In general, the proteins associated with disease severity were distinct from those that distinguished patients with IPF from controls. Though it was expected that proteins associated with CPI would also be associated with DLco or FVC, given that these measures are used in the CPI calculation, we observed that only four proteins (ROBO2, SPON1, PIGR, ICAM5) were associated with all three disease severity measures. Our observation related to expression of circulating PIGR, a transmembrane glycoprotein important in immunoglobulin A transport across mucosal epithelial cells, is particularly intriguing, as prior work has demonstrated that the lungs of patients with IPF have ectopic expression of PIGR within areas of type 2 alveolar cell hyperplasia [22] . Moreover, PIGR-deficient mice demonstrated attenuated lung fibrosis after bleomycin treatment compared with wild-type mice [22] . Others have demonstrated that PIGR is upregulated by cytokines induced by innate immune activation and have implicated PIGR as a bridge between innate and adaptive immune responses [23] , responses which we found to be enriched in pathways analyses of proteins associated with disease severity. While the other three proteins associated with all three disease severity measures have not been well characterised in lung fibrosis, ROBO2 has been demonstrated to be overexpressed in a murine model of toxin-induced liver fibrosis, where it localised on the surface of hepatic stellate cells within fibrotic septae. Moreover, the interaction between ROBO2 and its ligand (slit guidance ligand 2) promoted fibrogenic activity within stellate cells [24] .
In prior work, an aptamer-based proteomic approach similar to that used in our analysis was used to quantify 1129 circulating proteins in 60 patients with IPF versus 21 healthy controls of older mean age who were lifetime non-smokers. Consistent with our observations, higher levels of complement C1r subcomponent, complement C4, fibronectin, ICAM 5, thrombospondin 1, and MMP1 were observed in the IPF cohort [8] . However, many of the proteins found to have lower levels in patients with IPF than in controls in this previous study were observed at higher levels in patients with IPF than controls in our study, including MMP9, S100A9, and surfactant protein D, for which other literature supports increased expression in IPF [8, [25] [26] [27] [28] [29] . The factors accounting for these divergent observations are likely multifactorial, and may include the types of assays used, technical aspects of the aptamer-based assay, differences in disease severity between the groups with IPF, or differences between the control groups.
While the peripheral blood proteome may not fully reflect intrapulmonary changes, several of our findings are consistent with those of proteomic studies of BALF or lung tissue. A study using mass spectrometry-based proteomics of BALF demonstrated a 3-fold increase in CCL18 and protein S100A9 in patients with IPF compared with controls [18] . Another proteomic study of BALF from patients with fibrotic diseases, including IPF, demonstrated increased expression of S100A6 [20] . Several proteins observed at higher or lower levels in patients with IPF in our study were consistent with observations from a study that performed unbiased proteomics on lung tissue samples from patients with fibrosing lung disease. For example, both studies demonstrated higher levels of CCL13 and lower levels of AGER compared with controls [17] . These observations suggest that blood-based protein analysis may be a useful tool to phenotype patients with IPF and facilitate monitoring of disease progression. Consistent with this idea, Maher et al. quantified 123 circulating proteins in patients with IPF and identified a new IPF-associated protein, cancer antigen-125 protein, rising levels of which were associated with the risk of disease progression and mortality [29] . The newly identified IPF-associated circulating proteins identified in our analyses expand the pool of candidate biomarkers for further evaluation in relation to clinically relevant outcomes. Our results support the importance of circulating proteins relevant to extracellular matrix remodelling in patients with IPF. Notably several extracellular matrix glycoproteins, MMPs 1 and 9, and the MMP inhibitor TIMP3 were present at higher levels in patients with IPF relative to controls. These data are of interest in view of prior work by Jenkins et al. demonstrating that circulating levels of protein fragments generated by MMP activity are increased in patients with IPF relative to healthy controls and may associate with disease progression [30] . Although the majority of our data with regard to extracellular matrix remodelling protein expression are consistent with prior work, we note a particular discordance between our results and those of previous studies related to MMP3. High MMP3 levels have been reported in lung tissue from patients with IPF, and genetic deletion of MMP3 in mice abrogates bleomycin-induced pulmonary fibrosis [31, 32] . In contrast to these observations, in our cohort, of all the proteins with lower levels in patients with IPF than in controls, MMP3 showed the strongest association. Given that MMP3 was selected as a protein of importance in multivariable models distinguishing patients with IPF from controls, including the linear discriminant analysis, we examined the sensitivity of this model to the exclusion of MMP3. When the analysis was performed without MMP3 in the pool of analytes available for model selection, the optimal number of proteins to differentiate participants with IPF from controls was also nine, with adenylosuccinate lyase filling the final position and the remaining markers chosen in the same order. The linear discriminant analysis considering these nine proteins also had an AUC of 0.99 (data not shown).
Our study has several strengths, including the multicentre nature of the IPF cohort and the inclusion of control participants of comparable age, sex and smoking distribution. However, we acknowledge some inherent limitations. First, we acknowledge that our cohort is a US-based population of predominantly white patients, thus broader generalisability to other populations of patients with IPF is uncertain. Additionally, although we characterised a broad array of proteins, our approach was targeted rather than discovery-based, so proteins of potential importance could have been missed if not included on our platform. Finally, we acknowledge that an aptamer-based approach to protein detection and quantification does not always yield results that are reproducible when using ELISA-based approaches. This may in fact explain the differences between previous studies and our results with regard to MMP3. Thus, the proteins we identified as of interest in our study need to be validated, both from a technical and a clinical viewpoint. In particular, the association of the circulating proteins identified herein with clinical measures of IPF severity warrants validation.
Conclusion
The results of this study add to the evidence suggesting that circulating proteins are likely to hold value in the diagnostic approach to IPF. Additionally, these data indicate that profiling of circulating proteins may provide insights into biological pathways underlying the development of IPF or contributing to disease severity. Validation of candidate proteins will be necessary, as will extension of these analyses to examine the association of the circulating proteome with clinical outcomes. Rich longitudinal data collection through the IPF-PRO Registry, including serial pulmonary function measures, hospitalisation data, and information on vital status, will support these analyses and further the goal of improving the diagnosis and management of IPF.
(See figure on previous page.) Fig. 4 Top 12 pathways/gene sets related to proteins observed at higher (black) or lower (hatched) levels in patients with IPF versus controls (Benjamini-Hochberg corrected p Value for enrichment in respective pathway using Fisher's exact test < 4.40E-5) (a) or observed at higher levels in more severe disease (black) or less severe disease (hatched) in patients with IPF (corrected p Value for enrichment < 0.029) (b) as identified by EnrichR, sorted according to the combined score 15 
